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A B S T R A C T
A static multivariate statistical process control model based on principal component analysis (PCA-MSPC) was
developed for an anaerobic reactor maintained in steady-state, joining the biogas composition (CH4, CO2, H2) to
the total solids (TS), volatile solids (VS), total inorganic carbon (TIC) and total ammonia nitrogen (TAN)
contents of the slurry. The principal component analysis (PCA) highlighted a lack of correlation between the
individual process variables (IPVs) measured in the slurry and the gas phase. The application of this model to
the data set collected for an independent anaerobic reactor (fed with the same substrate) progressively led from
steady-state to critical volatile fatty acids (VFA) intoxication did not allow evaluating its process status. A second
static PCA-MSPC model was built for the steady-state reactor in excluding the TS and VS content of the slurry
and was successfully transferred to the overfed reactor. The TA² and SPE control charts built for the overfed
reactor using this second model closely reﬂected its process status and delivered valuable warning signals
approaching the VFA intoxication. The gas phase composition (CH4, CO2, H2) brought the main contribution to
these warnings.
1. Introduction
In recent decades, anaerobic digestion (AD) of organic substrates
for biomethane production has become one of the most mature
technologies to produce renewable energy from wet biomass [1]. The
life cycle assessment of the process shows an interesting environmental
performance [2] and allows the valorisation of organic co-products that
would otherwise undergo elimination processes, leading to nutrient
losses in the agricultural systems.
One of the main obstacles for further development of the AD sector
is the diﬃculty in keeping the biological process in optimal and stable
conditions of activity, especially in a context of organic waste that
varies in price, composition, and availability. So far, various methods
have been evaluated to monitor the AD process but none seem to be
ideal [3]. These methods usually consist in measuring a set of variables
expected to be characteristic of the process status (i.e. pH of the slurry,
CH4/CO2 ratio of the biogas,…) and interpreting the collected data for
each parameter individually [4,5]. However, since these variables
reﬂect the behaviour of the microbial community of the reactor, they
probably present a certain degree of correlation. An eﬃcient tool for
AD process monitoring should therefore beneﬁt from the integration of
information on how the measured parameters interact when the
process is in control. A method to satisfy this condition is to monitor
the reactors using multivariate statistical process control (MSPC) as an
alternative to usual univariate approaches. MSPC techniques reduce
the information contained within a potentially high number of
individual process variables (IPVs) down to a low number of composite
indexes through the application of statistical modelling.
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Several studies assessed MSPC for monitoring of anaerobic biolo-
gical processes such as biological anaerobic ﬁlters exploited for waste-
water treatment [6] or batch AD reactors [7,8]. Nevertheless, very few
studies focussed on (semi-)continuously fed AD reactors targeting
biomethane production. Attempts to exploit multivariate statistics for
process monitoring of semi-continuous AD reactors mainly use near
infrared spectroscopy (NIR) and aim to correlate the NIR response
with common AD process indicators measured in the slurry [9–11].
However, the main purpose of these studies is not to assess the
potential of these parameters as IPVs exploited for MSPC but to ﬁnd
an alternative to their expensive and time-consuming traditional
measurement methods (and to allow their on-line measurement).
Reed et al. [12] applied MSPC to evaluate the process status of a
semi-continuous AD reactor on the basis of IPVs measured in the
slurry, the feeding substrate, and the eﬄuents of the reactors but
neglected to exploit the composition of the biogas produced. However,
analysing the composition of the biogas oﬀers multiple advantages
compared to slurry analysis in terms of AD process monitoring, such as
a potentially higher measurement frequency, the immediate availability
of the results or the lower clogging risk inside the tubing. In recent
years, electronic nose (e-nose) was the main method studied exploiting
the gas phase for AD process monitoring through MSPC [13,14]. In
process monitoring using e-nose, the responses of low-selectivity gas
sensors are used as IPVs to perform MSPC. If the technology is
promising, the metal oxide semiconductor sensors (MOS) exploited
in e-noses are subject to drift and need frequent replacement [15].
Nevertheless, speciﬁc sensors that are more robust and less subject to
drift (if regularly calibrated) can be used to measure the concentration
of the biogas in its major compounds (CH4, CO2, H2 and H2S). To our
knowledge, exploiting these parameters for AD process monitoring
through MSPC was never attempted. However, a MSPC model joining
parameters commonly measured in the slurry to the biogas composi-
tion in its major compounds could present interesting potential for AD
process monitoring and deserves investigation.
MSPC involves the construction of control charts that represent the
progress over time of the process status. In these control charts, the
value of the index is compared to a control limit that deﬁnes the index
value above which the process is considered as out-of-control. Control
charts based on the Hotelling's T² index are nowadays the basic tools
exploited for MSPC and numerous descriptions of the technique can be
found in the literature [16,17]. For processes characterized by two or
more highly correlated IPVs and/or by a large set of IPVs, a common
procedure to reduce the dimensionality of the problem is to perform a
principal components analysis (PCA). In PCA-MSPC, a limited number
A of principal components is used to compute the T² index. The T²
index calculated on this basis (TA²) can express the deviation in the
IPVs that are the most meaningful in describing a process [18]. Since
the TA² index only describes the variation amplitude of the IPVs in the
“plane” deﬁned by the A PCs retained in the model, a complementary
index, squared prediction error (SPE), is combined to the TA² to
quantify the residuals. The pair of control charts based on the TA² and
SPE indexes is an eﬀective tool to monitor multivariate processes [18].
The basic way to implement PCA-MSPC, called static PCA-MSPC,
consists in calculating the model parameters on the basis of data
collected for a period during which the process is judged stable. PCA-
MSPC is easy to implement and requires only a few computations once
the model is deﬁned (the model is not updated after it has been built).
In addition, static PCA-MSPC allows the easy computation of con-
tribution plots that provide valuable information about the relationship
between each process dysfunction detected by the TA² and SPE control
charts and the IPVs [19–21]. Nevertheless static PCA-MSPC is limited
in the case of processes that demonstrate a drift of their stable
behaviour such as AD, which is aﬀected by the permanent evolution
of the microbial ﬂora or accumulation of chemical compounds in the
slurry. However, a reactor maintained in a steady-state over a long
period could allow measuring of the relationship existing between the
IPVs for a large diversity of in-control process situations. On this basis,
a static PCA-MSPC model integrating exhaustive information on the in-
control process could be built and transferred to independent reactors
to evaluate their process status.
The main objective of the present paper was to assess whether a
static PCA-MSPC model joining the biogas composition to parameters
measured in the slurry and built using an AD reactor maintained in a
steady-state could be transferred to an independent AD reactor
progressively led to an organic overload and reﬂect its process status.
The experiment described in this study focussed on a large scale semi-
continuous lab reactors expected to be comparable to real-scale co-
digestion digesters regarding the complexity of the feeding substrate
and the hydraulic retention time (HRT).
2. Materials and methods
2.1. Anaerobic digestion
The experiment was performed using two stainless steel tank
reactors of 100 L working volume (Fig. 1), continuously stirred at
1 rpm, with 25 L headspace volume connected to a 10 L gas bag
(Tecobag, Tesseraux, Germany) to equilibrate the pressure (feeding,
gas sampling). Tygon tubing (VWR International, USA) was used for all
the gas connections.
Fig. 1. Progress over time of the 3 selected process stability indicators (pH, CH4 yield,
volatile fatty acids content in the slurry) for the steady-state reactor (SSR, grey) and the
overfed reactor (OR, black): (a) organic loading rate (OLR) and pH; (b) methane yield;
(c) total volatile fatty acids (TVFA) and acetate concentrations in the slurry. HRT:
hydraulic retention time.
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Each reactor was inoculated with 100 kg of anaerobic sludge [total
solids (TS): 0.013 ± 0.0027 gTS gFM−1, volatile solids (VS): 0.542 ±
0.042 gVS gTS−1] collected in the mesophilic anaerobic reactor of a
waste water treatment plant (Schiﬄange, Luxembourg). The reactors
were acclimated to sugar beet pulp as monosubstrate for 16 months
before the experiment described in the present paper. The dry sugar
beet pulp pellets described by Adam et al. [13] was selected for its
complex composition (Table 1), as compared to pure substrates (i.e.
glucose), in order to oﬀer to the microbial ﬂora a growth environment
comparable to a real scale co-digestion reactor. The balanced composi-
tion of the substrate was also expected to avoid deﬁciencies of the
microbial consortium concerning essential elements and to promote
adequate microbial turn-over. The pulps were manually introduced in
the reactors 5 consecutive days a week, following a semi-continuous
feeding scheme. The pulps were suspended in with tap water at 37 °C
to adjust the HRT. The digestion was performed in the mesophilic
temperature range at 37 °C.
After the 16 months acclimation period, both reactors were ﬁrst
submitted to 14 days of monitoring under cautious steady-state organic
loading rate (OLR) [1.60 gVS L−1 day−1] with HRT maintained at 28
days. After 14 days, while the feeding regime of the reference reactor
was left unchanged (steady-state reactor SSR), the OLR of the second,
overfed reactor (OR), was increased weekly by increments of
0.5 gVS L−1 day−1, with HRT kept at 28 days.
2.2. Analytical monitoring
The anaerobic digestion process was monitored through hourly
biogas analyses, daily pH analyses and weekly analyses for other
properties of the slurry.
2.2.1. Gas phase monitoring
The biogas passed through a cooling unit at ~8 °C at the outlet of
the reactor to remove excess water vapour. The biogas production of
each reactor was measured by a drum-type wet gas meter (TG-0.5,
Ritter, Germany) and was normalized to normal temperature and
pressure conditions (0 °C; 1025 hPa). For gas composition analysis, the
headspace gas was recirculated every hour for 3 minutes through CH4
and CO2 non-dispersive infrared sensors (Dynament, UK). The H2
content was also measured for each measurement cycle. A biogas
volume of 600 mL was pumped and mixed with 300 mL of air
measured by a mass ﬂow meter (AWM series, Honeywell, USA). The
gas mix was pumped to an H2 MOS sensor (RKI Instruments Inc.,
USA) including a molecular sieve to warrant selectivity to hydrogen
molecules. The substrate to CH4 conversion yield [LN.gVS
−1] was
calculated for each day using the total CH4 production measured for
the seven preceding days divided by the total mass of substrate
introduced over the same period. The seven-day window was selected
in accordance with the frequency of the OLR increase applied to the
OR.
2.2.2. Slurry monitoring
The total inorganic carbon (TIC), total ammonia nitrogen (TAN),
total solids (TS), volatile solids (VS) and volatile fatty acids (VFA)
contents in the slurry and its pH were measured using the analytical
methods described in Goux et. al. [22]. The pH was measured on a
daily basis while the TIC, TAN, TS and VS contents were measured
weekly (on Mondays).
2.2.3. IPVs and process stability indicators
Seven of the measured variables (Table 2) related to gas and slurry
compositions were used as IPVs to build the PCA-MSPC model. The
pH, the VFA individual concentrations in the slurry and the CH4 yield
were not included to build the model, but used as process stability
indicators to assess the adequacy of the process monitoring, i.e.
comparing the alarm signals provided by the monitoring model with
the ability of the microbial ﬂora to convert the introduced substrate
into CH4.
2.3. Transfer of a static PCA-MSPC model from the SSR to the OR
The data set collected for the SSR, maintained at a cautious OLR,
was used to deﬁne the in-control process baseline and to calculate the
static PCA-MSPC model parameters. The model was then transferred
to the OR in applying the model parameters to its data set. In this aim,
a TA² control chart and its corresponding SPE control chart were built
as well as their corresponding contribution plots.
2.3.1. Data pre-processing
Since the IPVs were not measured at the same frequency in the gas
phase and the slurry and that each sample must contain information
for the full set of IPVs, values had to be attributed for the missing data.
An overview of modern methods for gap ﬁlling in incomplete data sets
can be found in Baraldi and Enders [23]. Given the continuous nature
of the studied process and expected continuous evolution of the IPVs,
linear interpolation between adjacent available measurements was
selected as a reasonable compromise to attribute a value to each
missing data. This method was applied to the data corresponding to TS,
VS, TIC and TAN contents in the slurry, which were measured on a
weekly basis.
2.3.2. Deﬁnition of the in-control process baseline based on the SSR
data set
In a ﬁrst step, the outliers were purged using the iterative method
described by Mason et al. [16] in which several changes required by the
PCA were included:
Table 1
Composition of the sugar beet pulp pellets used to feed the 2 anaerobic reactors.
Dry basis (%) As fed (%)
Total solids 86.86
Moisture 13.14
Volatile solids 79.96
Ash 7.94 6.90
Protein 8.29 7.20
Crude ﬁbre 16.97 14.74
Acid detergent ﬁbre (ADF) 26.68 23.17
Total digestible nutrients (TDN) 69.40 60.28
Fat 1.09 0.95
Nitrogen free extract (NFE) 66.09 57.41
Calcium 1.00 0.87
Phosphorus 0.07 0.06
Potassium 0.56 0.49
Reducing sugars 2.60 2.26
Sucrose 8.96 7.78
Total sugars as invert (TSI) 8.23 7.15
Adapted from Adam et al. [13].
Table 2
Individual process variables measured in the biogas and the slurry, used for multivariate
process monitoring. TS: total solids; VS: volatile solids; TIC: total inorganic carbon; TAN:
total ammonia nitrogen.
Individual process
variable
Units Frequency of
measurement
Gas phase CH4 %vol h
−1
CO2 %vol h
−1
H2 ppmv h
−1
Slurry TS gTS gFM−1 week−1
VS gVS gTS−1 week−1
TIC LCO2 Lslurry
−1 week−1
TAN gN-NH4 Lslurry
−1 week−1
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(a) Each IPV was centred and scaled to unit variance.
(b) PCA was performed and the loading vectors and eigenvalues were
computed.
(c) The number A of principal components (PCs) retained in the
model was calculated using the eigenvalue-one rule [24].
(d) For each sample, the TA² index was calculated on the basis of the
scores obtained for the A ﬁrst PCs using:
∑T ts=A i
A
i
t
2
=1
2
2
i (1)
where ti and sti are, respectively, the score calculated on the ith PC and
the standard deviation related to this PC. The TA² upper control limit
(UCL) was calculated using [25]:
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where p is the number of IPVs,m is the number of samples included in
the data set and B α( ; , )p m p2
− − 1
2 is the upper αth percentile of the beta
distribution with parameters p/2 and m p( − − 1)/2
(e) The value of the SPE index was calculated for each sample using:
l∑SPE x x= ( − )
i
p
i i
=1
2
(3)
where xi is the observed value for the ith IPV and lxi is the correspond-
ing value computed using the PCA model. The corresponding con-
ﬁdence limit SPElim was calculated according to Kourti et al. [18];
(f) The samples corresponding to out-of-control values for one of the
two indexes were considered as outliers and eliminated of the SSR
data set.
The iterative operation was then repeated from step (a) until no
outlier was detected anymore for the SSR. The parameters characteriz-
ing the stable process were ﬁnally calculated on the basis of this purged
data set: average value/standard deviation of each IPV and loading
vectors/eigenvalues associated with each PC.
Application of the model to the OR data set. Each IPV was ﬁrst
centred and scaled using the average value and standard deviation
calculated for the in-control process on the basis of the SSR data set.
For each sample of the OR data set, the scores corresponding to the A
retained PCs were calculated using the loading vectors computed on
the basis of the SSR data set and the TA² index was computed using
relation (1). On this basis, the TA² control chart was built with its UCL
calculated using [25]:
⎡
⎣⎢
⎤
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p m m
m m p
F α p m p= ( + 1)( − 1)
( − )
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(4)
where F α p m p( ; , − ) is the upper αth percentile of the Fisher
distribution with parameters p and m p( − )
For each out-of-control situation detected for the OR by the TA²
control chart during the experiment, the contribution of each IPV was
computed using the method described by Kourti [20]. Brieﬂy, the
scores obtained for the A PCs were ﬁrst compared to an individual
control limit expressed by:
conf λ t m α= ± . ( − 1, )i i (5)
where α is the conﬁdence level (set to 0.05), λi is the eigenvalue
associated to the PC i and t m α( − 1, ) is the probability point on the
single sided t-distribution with m − 1 degrees of freedom and area α/2.
For the K A≤ scores excessing this control limit, individual contribu-
tions were computed using:
cont t
s
l x=i jT i
t
i j j,
2
2 ,
i (6)
where li j, is the loading of the IPV j for the PC i. The individual
contributions were set equal to zero if negative. Finally, the “overall
average contribution” was computed for each IPV using:
∑CONT cont= ( )jT i
K
i j
T2
=1 ,
2
(7)
For each sample of the OR data set, the SPE index was computed
using relation (3) and the SPE control chart was built. Finally, the
corresponding contribution plot has been computed for each IPV. The
contribution of a given IPV is expressed by the squared value of the
residual measured for this variable:
lCONT x x= ( − )xSPE i i 2i (5)
The calculations have been performed using R software [26].
3. Results and discussion
3.1. Anaerobic digestion
Fig. 1 shows the progress over time of the three process stability
indicators (pH, CH4 yield and VFA) for both reactors during the 64-day
experiment.
The SSR, fed with ﬁxed and low OLR (1.6 gVS day−1 Lslurry
−1; HRT
of 28 days), showed no signs of process perturbation. The pH remained
permanently above 7.0 (Fig. 1a) and the highest value measured in its
slurry for the TVFA content was 0.42 mg g−1 at day 42 (Fig. 1c). Only
acetate was detected during the whole experiment. The CH4 yield of the
SSR remained permanently higher than that of the OR (Fig. 1b). For
the OR, the three process stability indicators showed an initial period of
process stability (from day 14 to day 41) during which their values
remained close to those observed for the SSR. From day 42 to 48
(OLR=3.6 gVS day−1 Lslurry
−1), the pH dropped for the ﬁrst time in the
acidic range (Fig. 1a), reached a minimal value of 6.9 at day 46 and re-
increased above neutrality during the end-of-week interruption of the
feeding. This transient pH drop was concomitant with a transient
decrease of the CH4 yield (Fig. 1b). From day 49 to 55
(OLR=4.0 gVS day−1 Lslurry
−1), the pH value dropped again in the
acidic range but the end-of-week interruption of the feeding was not
enough to allow the pH value to increase above neutrality (Fig. 1a). A
signiﬁcant increase of the TVFA concentration was also detected at day
53 (2.3 mg gslurry
−1 including 87% of acetate), indicating that the
microbial ﬂora was not able to eﬃciently convert the substrate into
methane at such a high OLR value (Fig. 1c). A continuous decrease of
the CH4 yield was observed along the week, which conﬁrmed the
irreversible process dysfunction. From day 56
(OLR=4.4 gVS day−1 Lslurry
−1), the process stability indicators showed
evidence of a complete collapse of the process, presenting the
symptoms of a critical VFA intoxication. Indeed, the pH value dropped
below 5.5 at day 60 (Fig. 1a) and the methane production almost
stopped (Fig. 1b). VFA accumulated in the slurry (Fig. 1c) up to
7.4 mg gslurry
−1, essentially as acetate (5.6 mg gslurry
−1). Concentrations
for the longer chain VFA were respectively, 1.1, 0.12, 0.36, 0.16, 0.012
and 0.016 mg gslurry
−1 for propionate, isobutyrate, butyrate, isovale-
rate, valerate and caproate. From day 64, the biogas production of the
OR was not suﬃcient to allow analyses. Five days without feeding did
not allow the process to recover. No biogas was produced despite the
high amount of accumulated organic matter available in the slurry,
conﬁrming the critical VFA intoxication.
3.2. Validation of the SSR data set as in-control process baseline
After data pre-processing, the raw SSR data set included 2483 time
points, each of them including one value for each of the seven IPVs.
Results of the PCA are summarized in Table 3 and Fig. 2. Two PCs were
retained in the model according to the eigenvalue-one rule (Fig. 2a and
b). The variance explained by these two PCs equalled 74.9% and 81.6%
before and after outliers purge, respectively (Table 3). Four purge
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cycles were necessary to purge 121 outliers from the 2483 time points
(Table 4). Outliers purge was essentially based on SPE values exceeding
control limit whereas TA² value had minor impact on the purge
operation. Regarding the loadings of the two ﬁrst PCs, the IPVs
measured in the slurry contributed principally to the ﬁrst PC (explain-
ing 53.3% and 54.9% of the variance before and after outliers purge,
respectively) (Fig. 2c and d). Positive correlation was clearly detected
between the TS, TIC and TAN contents of the slurry while its VS
content appeared negatively correlated with these IPVs. The CH4 and
CO2 contents in the gas phase showed only minor impact on the scores
computed for the ﬁrst PC but major impact on the scores computed for
the second one. The negative correlation between these two IPVs was
clearly detected by the PCA and the outliers purge appeared to amplify
it. The variation related to the H2 content of the gas phase was poorly
captured by the two PCs retained in the model. The H2 concentration in
the gas phase mainly contributed to the second PC before the outliers
purge but the largest part of its contribution was transferred on the ﬁrst
PC after the outliers purge.
Fig. 3 illustrates the eﬀect of the outliers purge on the scores
obtained for the two retained PCs and the centred and scaled IPVs. The
Table 3
Importance of each principal component (PC) calculated on the basis of the in-control data set (steady-state reactor) before and after the outliers purge (full set of individual process
variables included in the model).
PC1 PC2 PC3 PC4 PC5 PC6 PC7
Raw SSR data set Eigenvalues 3.728 1.512 0.934 0.475 0.225 0.101 0.025
Proportion of variance 0.533 0.216 0.133 0.068 0.032 0.015 0.004
Cumulative proportion 0.533 0.749 0.882 0.950 0.982 0.996 1.000
Purged SSR data set Eigenvalues 3.844 1.868 0.640 0.375 0.195 0.052 0.028
Proportion of variance 0.549 0.267 0.091 0.054 0.028 0.007 0.004
Cumulative proportion 0.549 0.816 0.907 0.961 0.989 0.996 1.000
SSR: steady-state reactor.
Fig. 2. Scree plots of the eigenvalues resulting from the principal component analysis performed on the steady-state reactor data set exploited to deﬁne the in-control process baseline
(full set of individual process variables included in the model): (a) raw data set; (b) data set purged of outliers. Loading plots for the 2 principal components (PCs) retained in the model:
(c) raw data set; (d) data set after outliers purge. TS: total solids content in the slurry; VS: volatile solids content in the slurry; TIC: total inorganic carbon content in the slurry; TAN: total
ammonia nitrogen content in the slurry.
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largest part of the 121 outliers purged, concerns samples collected
towards the end of the experiment, between day 60 and day 64. It must
be highlighted that the main IPV causing the outlier removal was the
H2 concentration in the gas phase (Fig. 3g and h). Indeed, during this
period, a sensor-memory eﬀect may have caused unrealistically high H2
measurements for the SSR due to saturation of the sensor cell, also
exposed to the high H2 content present in the biogas of the OR during a
measurement cycle. It therefore justiﬁes the intense iterative purge
method exploited in this study. Fig. 3g and h also highlight a linear
progress of the IPVs measured in the slurry that was mainly captured
by the PC1 (Fig. 3e and f). Oppositely, the IPVs measured in the gas
phase appear clearly related to the daily feeding scheme applied to the
reactor, and mainly aﬀected the progress of the scores computed for the
PC2 (Fig. 3e and f).
These results express a weak correlation between the IPVs mea-
sured in the slurry and in the gas phase. In addition, the PCA model
appears to give high weight to the IPVs measured in the slurry
compared to those measured in the gas phase. Nevertheless, the static
PCA model built on the basis of this combination of IPVs detected only
Table 4
Outliers eliminated from the in-control data set (steady-state reactor) during its iterative
outliers purge and reason for their removal (full set of individual process variables
included in the model).
Cycle Outliers purged TA² >UCL SPE > SPElim
1 30 2 28
2 73 0 73
3 14 0 14
4 4 0 4
TA²: Hotelling's T² index (A=2 principal components)
UCL: upper control limit of the TA² control chart
SPE: squared prediction error index
SPElim: control limit of the SPE control chart.
Fig. 3. Impact of the outliers purge on the steady-date reactor data set exploited to deﬁne the in-control process baseline (full set of individual process variables included in the model):
(a, b) TA² index; (c, d) square prediction error (SPE) index; (e, f) scores on the 2 retained principal components (PCs); (g, h) centred and scaled individual process variables. The TA² and
the SPE are expressed as a ratio between the index value and its upper control limit (UCL and SPElim, respectively). TS: total solids content in the slurry; VS: volatile solids content in the
slurry; TIC: total inorganic carbon content in the slurry; TAN: total ammonia nitrogen content in the slurry.
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few outliers (4.9%) indicating that the SSR data set only included a
minor amount of time points presenting unusual characteristics. These
results are in accordance with the good process stability showed by the
three process stability indicators. As a consequence, the data set
measured for the SSR was judged as a proper baseline to deﬁne the
in-control process status.
3.3. Transfer of the static PCA-MSPC model from the SSR to the OR
(full set of IPV)
The control chart of the SPE index computed for the OR is
illustrated in Fig. 4a, together with the pH value as process stability
indicator. The control limit SPElim equalled 5.45 (α=0.01).
The chart shows that the largest part of the samples presented a
SPE value greater than the control limit (Fig. 4a), even in the periods
during which the process remained stable (until day 42). It demon-
strates that the static PCA model built for the SSR using the complete
set of IPVs could not be transferred to the OR data set. Therefore, the
TA² index based on the two PCs retained in the model could not be used
to monitor the process status of the OR and its control chart was not
presented.
The contribution of each IPV to the out-of-control values of the SPE
index is illustrated in Fig. 4b. It can be noted that the TS and VS
content in the slurry brought the main contribution to the out-of-
control SPE values observed in the period during which the process
remained stable for the OR, i.e. before the start of its overfeeding and
during its stable process period. The progress over time of the seven
(centred and scaled) IPVs is illustrated in Fig. 5 for the two reactors.
For the initial acclimation period and for the period during which the
Fig. 4. a) Square prediction error (SPE) control chart developed for the overfed reactor
using the steady-state reactor data set to deﬁne the in-control process baseline (full set of
individual process variables included in the model). The SPE is expressed as a ratio
between the index value and its control limit (SPElim). The levels corresponding to SPE/
SPElim=1 and pH=7.0 are represented as a common horizontal line on the chart. b)
Relative contribution of each individual process variable to the out-of-control situations
detected by the SPE control chart. TS: total solids content in the slurry; VS: volatile solids
content in the slurry; TIC: total inorganic carbon content in the slurry; TAN: total
ammonia nitrogen content in the slurry. For interpretation of the references to color in
this ﬁgure legend, the reader is referred to the web version of this article.
Fig. 5. Progress over time of the observed (centred and scaled) values of each individual
process variable for the steady-state reactor (SSR, grey) and the overfed reactor (OR,
black): (a) CH4 concentration in the gas phase; (b) CO2 concentration in the gas phase;
(c) H2 concentration in the gas phase; (d) total solids content in the slurry (TS); (e)
volatile solids content in the slurry (VS); (f) total inorganic carbon content in the slurry
(TIC); (g) total ammonia nitrogen content in the slurry (TAN). The zero value expressing
the average measured for the SSR is represented as a dotted line for each individual
process variable.
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process remained stable for the OR, only minor diﬀerence was
observed between the two reactors regarding the CH4 and CO2
concentration in their gas phase (Fig. 4a and b). Oppositely, an
important diﬀerence between the TS and VS content measured for
the OR and the average value measured for the SSR data set could be
highlighted during the same period (Fig. 4d and e). Since the model
attributed high weight to the IPVs measured in the slurry compared to
these measured in the gas phase, this diﬀerence caused the failure of
the model transfer from the SSR to the OR, illustrated by the
permanently out-of-control SPE values detected for the OR. It can be
noted that the TIC and TAN content measured in the slurry for the OR
during its acclimation period and its stable process period remained
very close of the average measured for the SSR data set (Fig. 5f and g),
explaining their minor contribution in the out-of-control SPE values
detected for the OR during these periods (Fig. 4b).
3.4. Transfer of the static PCA-MSPC model from the SSR to the OR
(TS and VS content of the slurry excluded)
A second static PCA model was built on the basis of the SSR data set
without including the TS and VS content of the slurry among the IPVs.
Only CH4, CO2 and H2 content of the gas phase and TIC and TAN
content of the slurry were therefore exploited.
Results of the PCA performed on the purged SSR data set are
summarized in Fig. 6a and b. As for the ﬁrst model, two PCs were
retained according to the eigenvalue-one rule (Fig. 6a). The variance
explained by the model is similar compared to the ﬁrst model (81.6% vs
82.2%) but is more balanced between the two PCs retained in the
model (Fig. 2d vs Fig. 6a) while the low signiﬁcance of the un-retained
PCs is clearer. The low correlation between the IPVs measured in the
slurry and in the gas phase remains highlighted by the PCA.
Nevertheless, the variance of the H2 content in the gas phase appears
more clearly captured by the model (PC1).
This second static PCA model was applied to the OR data set. The
control chart of the SPE index is illustrated in Fig. 6c, together with the
pH value as process stability indicator. The contribution of each IPV to
the out-of-control values of the SPE index is illustrated in Fig. 6e. The
control limit SPElim equalled 4.53 (α=0.01).
For the acclimation period and the period during which the process
remained stable (until day 42), the SPE index remained essentially in
its in-control range (SPE > SPElim for 10.8% of the time points). The
out-of-control values detected by the SPE control chart were essentially
transient and mainly due to the H2 content of the gas phase (Fig. 6e).
These transient out-of-control SPE values are attributable to the H2
concentration peaks observed in the gas phase of the OR after each new
substrate introduction (Fig. 5c).
These results conﬁrm that the diﬀerence between the two reactors
regarding the TS and VS content of their slurry caused the failure of the
model transfer when exploiting the full set of IPVs.
3.5. Performance of the second PCA-MSPC model for the evaluation
of the OR process stability
The control chart of the TA² index computed for the OR using the
second model (TS and VS not included among the IPVs) built on the
basis of the purged SSR data set is presented in Fig. 6f, together with
the pH value as process stability indicator. The value of the UCL
equalled 9.23 (α=0.01).
From day 14 to day 41, the progression of the TA² index (Fig. 4a)
mainly reﬂected the feeding pattern applied to the reactors (feeding for
5 consecutive days+rest for 2 days): for each feeding day, a peak of the
TA
2 index was observed while during each end-of-week interruption of
the feeding, the value of the index dropped. Nevertheless, the TA² index
remained permanently under its control limit, which is in good
accordance with the process stability detected during this period for
the OR on the basis of the three process stability indicators. From days
42 to 48 (OLR=3.6 gVS day−1 Lslurry
−1), the TA² control chart detected
a marked out-of-control process situation at day 46, following the last
feeding of the week (Fig. 6g). Nevertheless, the consecutive interrup-
tion of the feeding allowed the TA² to drop back in its in-control range
at day 48. This transient out-of-control TA² value, validated by the in-
control value simultaneously observed for the SPE index (Fig. 6d), was
in good accordance with the reversible process dysfunction observed
for the OR during this week. Especially, the out-of control TA² value
was concomitant to the transient pH value observed for the OR under
the neutrality limit at day 46. From days 49 to 55
(OLR=4.0 gVS day−1 Lslurry
−1), the TA² value deﬁnitely increased in
its out-of-control range (day 52), reached a maximal value at day 54
(TA²/UCL=4.0), then decreased during the end-of-week interruption of
the feeding. This behaviour is in agreement with the irreversible
process dysfunction observed during this week (no process recovery
during the end-of-week interruption of the feeding). Concomitantly,
the SPE index showed marked peaks in its out-of-control range,
indicating a progressive change in the relationship between the IPVs
compared to that detected by the PCA for the SSR. At day 56
(OLR=4.4 gVS day−1 Lslurry
−1), the SPE index abruptly increased
(SPE/SPElim max~1300) and maintained extremely high out-of-control
values until the end of the measurements, invalidating the static PCA
model built for the SSR regarding its ability to reﬂect the process status
of the OR. This event only occurred during the critical process
dysfunction observed for the OR (interruption of the CH4 production).
It must be highlighted that the PCA model remained valid during the
period during which process monitoring could still allow to avoid the
process failure.
These results show that the second static PCA-MSPC model built on
the basis of the SSR data set could be transferred to the OR data set and
closely reﬂected its process status. Approaching VFA intoxication,
occurrences of out-of-control values of the TA² index were in close
relation with the ﬁrst acidic pH values observed in the slurry, although
pH was not included among the individual process variables. In
addition, the ﬁrst peak of the TA² in its out-of-control range that
occurred during the reversible process disturbance period can be
interpreted as a valuable early warning announcing the approaching
collapse of the process.
3.6. Gas phase vs slurry monitoring
The contribution plot corresponding to the out-of-control process
situations detected by the TA² control chart is illustrated in Fig. 6b. It
shows that the CH4 and CO2 content of the gas phase brought the
highest contribution to the valuable warning detected by the TA²
control chart at day 48 and can thus be identiﬁed as the most valuable
IPVs regarding the earliness of detection of the targeted VFA intoxica-
tion. H2 concentration in the gas phase contributed the most to the SPE
out-of-control values detected between day 49 and day 56 (Fig. 6e),
indicating that the PCA model detected a progressive change in its
relationship with the other IPVs. These SPE peaks in the out-of-control
range started 7 days before the abrupt increase of the H2 content
(easily detectable visually, Fig. 5c) concomitant to the critical process
dysfunction, showing that this parameter was better exploited as an
IPV in the PCA-MSPC model than monitored individually. Currently,
only CH4 concentration in the biogas is measured in most on-farm
biomethanation units [27]. These results suggest that two additional
gas sensors, for CO2 and H2, could substantially improve the process
control, possibly at minor cost.
The fact that the IPVs measured in the gas phase delivered the most
valuable information for the early prediction of the VFA intoxication
deserves further discussion. Indeed, Boe et al. [5] observed that the
parameters measured in the gas phase provided delayed information
on the AD process status in comparison to those measured in the
slurry. In this study, the IPVs measured in the slurry were selected
regarding their ability to be measured on-site, at low cost and with only
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basic requirements in analytical skills and materials. Nevertheless, key
metabolites such as individual VFA concentrations in the slurry could
potentially express a relationship with the biogas composition and be
joined to it in a powerful PCA-MSPC model. Unfortunately, VFA
analysis (by gas chromatography after extraction) remains expensive,
is rarely performed on-site, and delivers delayed results incompatible
with fast-response process monitoring. For these reasons, the VFA
concentrations were not included among the IPVs exploited for MSPC,
but only as an independent process stability indicator.
The parameters measured in the slurry are generally monitored at a
much lower frequency than the biogas composition due to their time-
consuming and often expensive (VFA) measurement methods. As a
Fig. 6. Static PCA-MSPC model built for the steady-state reactor (SSR) data set using only the biogas composition (CH4, CO2, H2), the total inorganic carbon (TIC) content of the slurry
and its total ammonia nitrogen (TAN) content as individual process variables (data set purged of outliers): (a) scree plots of the eigenvalues; (b) loading plot for the 2 principal
components (PCs) retained in the model. Transfer of the model to the overfed reactor (OR) data set: (c) square prediction error (SPE) control chart; (d) detail of the period corresponding
to the ﬁrst occurrence of acidic pH values for the SPE control chart; (e) relative contribution of each individual process variable to the out-of-control situations detected by the SPE
control chart; (f) TA² control chart; (g) detail of the period corresponding to the ﬁrst occurrence of acidic pH values for the TA² control chart; (h) relative contribution of each individual
process variable to the out-of-control situations detected by the TA² control chart. The SPE and TA² are expressed as a ratio between the index value and their control limit (UCL and
SPElim, respectively). The levels corresponding to TA²/UCL=1, SPE/SPElim=1 and pH=7.0 are represented as a common green dotted line on the charts. For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web version of this article.
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consequence, their in-control variability cannot be evaluated as accu-
rately as the parameters measured in the gas phase. The actual
relationship existing between parameters measured in the slurry and
in the gas phase is therefore diﬃcult to evaluate, which may cause
unrealistic modelling when applying PCA on data sets mixing these
parameters. Currently, attempts are done to allow higher frequency on-
line measurements for parameters measured in the slurry, essentially
exploiting near-infrared spectroscopy (NIR) [9,11]. Nevertheless, NIR
analyses remain highly inﬂuenced by the variability of the slurry matrix
and thus, to the substrates exploited to feed the reactors. In addition,
taking representative samples of the slurry present in a digester is a
challenge, especially for digesters with a capacity of several hundreds of
cubic meters. In contrast, the sampling conditions aﬀect less the
measurements performed in the gas phase since the headspace of a
reactor can be easily homogenized, as compared to its slurry content.
The fact that the model including the TS and VS content of the
slurry could not be transferred from the SSR to the OR can be
explained by the very slow progression of these parameters, as
compared to the biological and chemical processes that are related to
the biogas production. Indeed, the gas contained in the reactor head-
space is renewed at a high frequency (the gas retention time in the
headspace of the OR varied between ~3 h and ~1 day before day 50)
compared to the slurry content (HRT of 28 days) which implies that the
chemical composition of the biogas changes much faster than the TS
and VS content of the slurry. Joining them to IPVs measured in the gas
phase through a static PCA model is therefore not relevant.
The pH of the slurry was not included among the IPVs exploited for
PCA-MSPC due to its limited reliability as an indicator of VFA
accumulation in real scale agricultural digesters. Indeed, the alkalinity
of these digesters regularly reaches values close to 300 mMH+-equivalents
(unpublished internal data from the 1-year survey of 5 Luxembourgish
on-farm digesters). Therefore, the resulting buﬀer capacity allows VFA
to accumulate up to a few mg/gslurry without signiﬁcant inﬂuence on pH
that can be easily detected. In comparison, the alkalinity of the
laboratory reactors described in the present study was low (90 mMH
+-equivalents), due to the necessity to maintain a low dry matter content
in the slurry for proper mixing. Secondly, on-line pH measurement is
often aﬀected by the rapid fouling of the electrode membranes that
result in biased pH measurement and would require frequent cleaning
and replacement [28].
While the substrate to CH4 conversion yield was not included in the
PCA model, this yield could be a powerful indicator for AD process
dysfunctions. In the present study, the CH4 yield was easy to assess as
the reactors were fed with known amounts of a single substrate.
However, the CH4 yield is often diﬃcult to assess accurately in a
real-scale co-digestion unit because of the practical uncertainty on the
amount of the various substrates introduced in the digesters.
3.7. Potential of dynamic PCA-MSPC for AD process monitoring
In this study, static PCA-MSPC was used to capture the overall in-
control variability expressed by the AD process for a reactor main-
tained in steady-state during the experiment. Nevertheless, dynamic
MSPC approaches could have been assessed to evaluate the OR process
status. These methods expend the static method in taking into account
the normal dynamics exhibited by a process. Dynamic PCA (DPCA)
exploits time-shifted versions of the IPVs, in order to model their
dynamic behaviour within the PCA model [29]. An extension of this
method (DPCA-DR) combine decorrelated residuals based on missing
data imputation techniques to better handle auto-correlation problems
[30,31]. Another approach proposed by Li et. al [32] consists in
recursively updating the PCA model parameters by including a forget-
ting factor in the recursive calculation, making old data exponentially
ignored and giving more weight to new data. This approach was already
assessed for process monitoring of a full-scale AD reactor using e-nose
data [13].
4. Conclusions
This study demonstrated that a data set collected for an AD reactor
maintained in steady-state can be exploited as in-control process
baseline to monitor the process status of an independent reactor
progressively led from steady-state to critical VFA intoxication using
static PCA-MSPC. The results highlighted that coupling parameters
measured in the biogas and the slurry in a PCA model is challenging
since the lack of correlation existing between these two types of IPVs.
Properties of the slurry that are closely connected to the biological and
chemical processes that inﬂuence the biogas composition should be
preferred for MSPC, such its VFA content. Nevertheless, their current
measurement methods are not compatible with fast response process
monitoring and innovative measurement techniques should still pro-
gress to allow their on-line measurement at high frequency. CH4, CO2
and H2 content of the gas phase were the most valuable IPVs regarding
the earliness of detection of the VFA intoxication. This result is very
interesting since these parameters are nowadays poorly exploited for
AD process monitoring and their online sensing can be easily im-
plemented at the real-scale level.
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